Introduction
Spasticity is a common sensory-motor control disorder characterized by increased velocity-dependent stretch reflex responses resulting from upper motor neuron (UMN) lesions (1) . Spasticity is frequently observed in cases such as spinal cord injury, multiple sclerosis, traumatic brain damage, cerebral palsy, and stroke, which can be accompanied by cerebral and spinal pathology that is dispersed or regional (2) . The pathophysiology of spasticity is complicated and it is rather difficult to understand the underlying mechanism since it is necessary to know the pathophysiological mechanism that would differentiate the UMN syndrome from other symptoms (3, 4) . Therefore, spasticity is a disorder that is both insufficiently defined and measured (5) . There are three major approaches, clinical, neurophysiological, and biomechanical, for assessing spasticity.
The Ashworth Scale (AS) and the modified Ashworth Scale (MAS) are the most commonly used clinical measures of spasticity. The validity, reliability, and sensitivity of the clinical scales, which are subject to interpretation and generally intensified upon passive movement resistance, are debatable (6) (7) (8) . As a consequence, many studies have been conducted using biomechanical and electrophysiological measurements with the objective of evaluating spasticity, and the obtained results have been used to make correlations with the clinical scales (8) (9) (10) (11) (12) (13) (14) . Surface electromyography (EMG) has been commonly used in electrophysiological measurements of spasticity (14) (15) (16) . However, parameters extracted from surface EMG have been generally obtained from analysis by using only the time domain in previous studies, and results were generally based on correlations with the clinical scales rather than using stand-alone surface EMG as well as considering causality. Due to the fact that surface EMG signals are nonstationary and random signals, some pathological data might not be discriminated in the time axis. Therefore, it is possible to utilize the short-time Fourier transform (STFT) and the wavelet transform (WT) methods from the time and the frequency components of the signals found in the pathological symptoms (17, 18) .
On the other hand, using statistical methods, the classifications in the diagnosis of spasticity, which has multifactorial and complicated causal relationships, could be insufficient in explaining the complicated relations in this disease. Instead of that, intelligent systems, especially rule-based or knowledge-based systems, are able to overcome these insufficiencies (19, 20) . A fuzzy logic (FL) system facilitates solving problems in a given field or application by drawing inference from a knowledge base developed from human expertise.
In this study, it was aimed to analyze with different methods the surface EMG signals obtained in different positions from hemiplegic patients with spasticity and in a healthy control group for the quantitative measurement of spasticity and to realize the diagnosis of spasticity with a fuzzy logic classifier (FLC).
Materials and methods

Groups
Sixteen healthy volunteer subjects (age: 56.44 ± 6.5 years, females/males: 4/12, MAS: 0 ± 0.00 ) and 8 patients (age: 50.88 ± 15.9 years, females/males: 2/6, MAS: 2 ± 0.93) with spasticity in the plantar flexion direction participated in this study. The inclusion criterion for patients was having spasticity (at least grade 1 by the MAS) in a unilateral lower leg (plantar flexion) due to subacute and chronic cerebrovascular accidents. Being below 18 or above 70 years of age, existence of contractures in the ankle, high grade of spasticity (grade 4 by the MAS), and skin problems (infections, open wounds, etc.) in the regions where the surface electrode would be placed were exclusion criteria. The study protocol was approved by the Gazi University Faculty of Medicine Ethics Committee, and all participants signed consent forms.
Experimental setup and protocol
Basic hardware and equipment were selected and set up in the system, such as the EMG equipment (Nihon Kohden, 8-channel MEB-5508K Neuropack model), connector cables and connectors, bipolar silver surface electrodes that are pregelled circular (diameter: 10 mm) electrodes (solid gel), data terminal card (Advantage PCLD-8710), data collection and control card (Advantage PCI 1710HG data acquisition card), and a user-friendly interface program (21) .
The surface electrodes used in the recordings were placed on the right and left legs' tibialis anterior (TA) and medial gastrocnemius (MG) muscles in accordance with the Surface Electromyography for the Non-Invasive Assessment of Muscles protocol (22) . The distance between electrodes was 20 mm and the reference electrode was placed over an electrically silent inactive area such as tendon or bone. The electrodes were positioned on the most prominent bulge of the MG muscle and the middle belly of the TA muscle. The surfaces where the electrodes would be connected were disinfected with a cleaning gel prior to recording. The surface EMGs of the subjects were recorded from the TA and MG muscles in standing, resting, dorsal flexion (DF), and plantar flexion (PF) positions as shown in Figure 1 . The surface EMG recordings and the clinical spasticity evaluations were made in the same environment and by the same person. The surface EMG signals were recorded with a single frame length and period of 30 s at the ratio of 10,000 samples (12 bit A/D).
Analysis of surface EMG signals and feature selection
Analyses of the amplitude, STFT, and WT methods as well as preanalyses, including rectification and denoising of raw EMG signals, were all performed with MATLAB (The MathWorks Inc., Natick, MA, USA). One major problem of surface EMG is the occurrence of crosstalk, which could be expected in particular between the MG and TA muscles. The wavelet would interpret a crosstalk signal as an EMG signal originating from the muscle to which the recording channels is attributed. Consequently, in applying wavelets, the problem of crosstalk is reduced compared to other conventional ways of interpreting surface EMG signals. In order to determine and eliminate the existing noise of the components in the contents of the signals in a very efficient manner, a wavelet-denoising method was used (23) to obtain the original signals. Daubechies 22 with 10 levels was selected as the wavelet function. A min-max scaling rule and the soft threshold method were used for denoising. The signal shape after denoising is given in Figure 2 . After the denoising process, a MATLAB function was developed for the STFT analysis to perform spectral analysis of the EMG signals. A sample diagram is given in Figure 3 . The choice of windowing function was determined as the Welch window since this method was capable of providing good resolution if data length samples were selected optimally. In digital signal processing, the Welch method improved upon the periodogram by addressing the lack of ensemble averaging, which is present in the true power spectral density (PSD) formula. It is a cheap, effective method depending on the application. Eq. (2.1) defines the Welch window:
for n = 0, 1, 2, …, N -1, where N is the length of the window and w is the window value.
For each time segment of the signal, there is a corresponding spectrum and the totality of these spectra gives a time-frequency distribution known as a spectrogram. Maximum power (Max.pow) is the frequency at which the maximum EMG power occurs. The continuous wavelet transform, discrete wavelet transform, and package wavelet transform are methods used extensively in the WT analysis. The discrete wavelet transform technique was preferred in this study due to ease of calculations and obtaining the data for signals with as few components as possible in a shorter period of time (24) . We used the oldest and best known one, the Mallat (pyramidal) algorithm. In this algorithm two filters, a smoothing and a nonsmoothing one, are constructed from the wavelet coefficients and those filters are recurrently used to obtain data for all the scales. Although one would expect a larger number of features related to these methodologies as well as the different analyzing methodologies, we preferred six parameters obtained from amplitude, STFT, and WT analysis based on common usage in the literature. These parameters are listed in Table 1 .
Variables were investigated as to whether or not they supported the hypotheses for the existence of spasticity in order to determine feature selection among six parameters.
Three research hypotheses were studied for the existence of spasticity by comparing the surface EMG parameters of the random sides chosen from the right and left legs of healthy subjects and from the hemiplegic sides of patients. Our first hypothesis was that the surface EMG values that were measured randomly on the sides of healthy subjects in four positions and were measured on the hemiplegic side of the patients affected by spasticity were different from each other, and the surface EMG values measured from TA and MG muscles on the affected sides of the patients with spasticity were more severe than those of healthy subjects due to increased tonus. Our second hypothesis was that the increase in the surface EMG values measured from TA muscles on the affected side in the DF position could not be expected to be like those in healthy subjects. The differences between the measured values from the TA and MG muscles were less than in healthy subjects. Our third hypothesis was that the increase in the surface EMG values for the MG muscles measured on the affected sides of the patients with spasticity in a PF position could not be expected to be like those in healthy subjects. The differences between the measured values from the TA and MG muscles were less than in healthy subjects. Relevant data are provided in Tables 2-5 .
Statistical analysis
The data were analyzed with Shapiro-Wilk test by using SPSS 18 for whether or not the data for the independent variables had a normal distribution and normality with a 5% level of confidence. Nonparametric tests were preferred since our data set contained less than 30 samples. The comparisons for the hypotheses were conducted with the nonparametric Mann-Whitney U Test with a 5% level of confidence.
Fuzzy logic classification
Natural evolution of various diseases, complicated causal relationships, the difficulty of understanding medical data, and abstruseness of medical problems require a consistent framework that will be able to overcome the uncertainty and facilitate multiple class memberships that would provide for conjectural/approximate reasoning. FL examines very valuable classical logic in its generalized form and, rather than a definite conclusion, it is an artificial intelligence rule-based form, which uses approximate means of solution and membership functions (25) . In this study, a trapezoidal membership function was selected. The trapezoidal membership function is a special condition of the triangular membership function, which is expressed in the form of four parameters {a 1 , a 2 , a 3 , and a 4 } as defined in Eq. (2.2). Fuzzy inference systems (FISs) are used for the output of fuzzy rules and also for adding (grouping) and clarification methods. The Mamdani-type FIS uses two different methods with the minimum-maximum (min-max) method and the maximum product (maxproduct) method. In our study, the min-max method in the Mamdani-type FIS was used. The preferred method for clarification is the center of gravity method and it is defined mathematically in Eq. (2.3).
(2.3)
Here, ʃ is the algebraic integration of the signal, whereas, by adding , the output, which is obtained, expresses the membership function.
In this study, a FIS with multiple inputs and a single output was designed. Significant findings were obtained for the existence of spasticity by receiving expert opinions and different classifications were determined to be ISMG D_Mean. abs , PFMG D_Mean.abs , and DFTA D_Mean.abs -DFMG D_Mean.abs in the designed FIS system . Three variables were determined to be "ill", "healthy", and "indefinite" as the output variables. While the intervals of the trapezoidal memberships for each input group were determined, the database was determined based on the surface EMG measurement results and by taking the expert opinion as the basis. The fuzzification process was realized by discarding the linguistic variables in the value intervals measured for the input and output memberships. This is shown in Figure 4 . Sixty-four rules were constituted by selecting every input and output variable (AND) connected element based on expert opinion. The different rules were weighted with respect to their contribution to the outcome variable. The combination of all sixty-four rules was performed by an aggregation process. Some proposals that were in fact impossible or very illogical according to expert opinion was not written as rules. Four of the rules constituted are shown in Table 6 .
Subsequently, in the comparison conducted in MATLAB/Simulink, the FIS with rule imaging was applied. After setting up the FIS, the FLC system was tested with various input values. These test values were the values obtained from the real data set. The developed FLC system is shown in Figure 5 . The rule imager displays how each one of the active rules for the membership functions and results affected by active rules are shown in Figure 6. 
Performance tests of the classifiers
In this study, sensitivity, specificity, and accuracy criteria were used using the confusion matrix and the receiver operating characteristic (ROC) curve for evaluating the diagnostic adequacy of the FLC classifier of spasticity. The size of the area remaining under the ROC curve indicates the statistical significance of discrimination capability of the diagnostic test on which it operates. A classification was used in the interpretation of the areas below the ROC curve (0.90-1.00 = "perfect", 0.80-0.90 = "good", 0.70-0.80 = "average", 0.60-0.70 = "weak", and 0.50-0.60 = "unsuccessful").
Results
Research on the pathological existence of spasticity
In standing positions ( Table 2 ), all of the variables for either TA or MG muscles were not at a statistically significant level (P > 0.05). In the resting position (Table 3) , the difference of the MG D_Mdn.abs variable for the MG muscle between the patients (0.0039 ± 0.00) and healthy subjects (0.0025 ± 0.00) was at a statistically significant level (P < 0.05). In the same manner, the difference of the MG D_ Mean.abs variable for the MG muscle between the patients (0.0060 ± 0.00) and healthy subjects (0.0033 ± 0.00) was at a statistically significant level (P < 0.05). These findings positively supported our hypothesis for the existence of spasticity in patients. In the DF position (Table 4) , all variables for the TA muscle (TA Mean , TA Mean.abs , TA Mean_SD , TA D_Mdn abs , TA D_Mean.abs , and TA Max.pow ) were at a statistically significant level between the patients and healthy subjects (P < 0.05). According to the results, there was not much of a difference between the TA and MG muscles in patients. This finding also supported our hypothesis. Thus, this differentiation was used for the fuzzy logic rule base. Another result was that there was a significant difference (P < 0.05) between the MG D_Mdn.abs variable for the MG muscle for patients (0.0073 ± 0.003) and healthy subjects (0.0260 ± 0.022). In the same manner, the difference in the MG D_ Mean.abs factor was significant (P < 0.05) between the patients (0.0111 ± 0.005) and healthy subjects (0.0333 ± 0.029). The findings obtained for the MG D_Mean.abs and MG D_Mdn.abs variables positively supported both hypotheses, and these features were used for the fuzzy logic rule base. In the PF position (Table 5 ), all of the variables for the MG muscle apart from MG Max.pow were at a statistically significant level (P < 0.05) between the patients and healthy subjects. In the amplitude variables for patients, such an increase was not observed between the MG and TA muscles. On the other hand, the increase in the amplitude variables for the MG muscle in patients was next to nothing or did not exist at all. This indicates other findings that have pathological significance, which supports the existence of spasticity and can be used in the classifier design.
Performance tests of the classifiers designed
The accuracy of the FLC was tested with twenty-four actual data from the healthy and hemiplegic patient groups. The performance of the FLC using the confusion matrix showed high rates of 95.8%, 100%, and 93.8%, respectively, for accuracy, sensitivity, and specificity. The area remaining under the ROC curve for the classifier designed was calculated to be 0.969. This value showed that the results were at a "perfect" level. The ROC curve for the designed FLC for the diagnosis of spasticity is shown in Figure 7 .
Discussion
The surface EMG values for the MG muscles of hemiplegic patients with spasticity were higher compared to the healthy control group, particularly in the resting position. This situation, which appears even in extension at very low speeds, can be interpreted in the form of a muscular activity dependent on speed related to passive movement and can be the result of an increase in the resting muscle activity connected to an extension of resulting spasticity (26, 27) . We can state that the primary cause of spastic muscle hyper tonus is due to this increase in the extension reflex activity. However, increasing hardness in a spastic leg cannot only be interpreted directly as a proof of a hyperactive reflex, because increasing resistance in response to an extension can be attributed to passive tissue hardness (from connective tissue, tendons, ligaments, and passive muscle features). During the passive movements of muscle activities, it has been reported that besides muscle activities producing increased resistance against passive extension, other mechanisms were responsible (13, 28) . Thus, the excessive extension or flexor reflexes that emerge in the muscles, especially with UMN syndrome, can contribute to spastic muscle tonus and to secondary changes in the internal and external muscle features, such as different muscle lengths, as well as the increasing resistance of a spastic muscle against extension (29) . The surface EMG values measured in the DF and PF positions were higher than those for resting and standing positions of the patients. This result is supported by studies in which it was reported that the surface EMG values obtained during rapid/active extension were more severe compared to slow extension (3) . At the same time, it was also investigated what would be the most appropriate position for the measurement of spasticity. It was observed in other studies, which examined the ankle and upper extremity muscles, that the reflex responses were dependent in a similar manner on the muscle length and joint positions (7, 30) . This is probably due to the changes in the features of internal muscles and the length of the muscle. It was also set forth in different studies that increasing muscle length, which is connected to the position of the large muscle groups, increased the extension reflex activity (31, 32) .
In our study, it was observed that the advantages provided by WT with the operation of the surface EMG signals provided superiority compared to STFT for obtaining supportive, useful data on spasticity and in producing features for the classifiers. Our results are in good agreement with the results obtained in many previous studies (33, 34) . Furthermore, our FLC system also supported previous studies that had similar results obtained with FL based on medical applications (35) (36) (37) .
Our results provided positive conclusions on the subject of evaluating spasticity more objectively by using surface EMG. However, the limitations of surface EMG should also be taken into account. There are still no strict values to quantify the level of spasticity or to differentiate spastic muscles from normal muscles. However, using H-reflex or tendon vibration will provide additional electrophysiological information about the level of spasticity and a possible correlation between our results would support implementation of the surface EMG techniques in evaluation of spasticity (38) . The examination of spasticity is realized mainly during passive joint movement. It is preferred to conduct the examination in a slow manner. It is for this reason that not preferring passive but rather active joint movement openness could be questioned in the study. However, if evaluation had been done during passive joint movement openness, then the level obtained during active joint movement in normal individuals might not have been obtained in the surface EMG signals. Consequently, it is thought that the best evaluation could be obtained in subsequent studies where both the active and passive values are evaluated.
In conclusion, different signal analysis methods were compared and the WT technique in the analysis of the surface EMG signals presented advantages in this study. The FLC has high sensitivity, specificity, and accuracy in order to overcome the measurement difficulties existing in the causality of spasticity and the insufficiencies in clinical measurements. It can be considered a useful objective measurement method for the diagnosis of spasticity.
